Energy consumption and greenhouse emissions across many countries have increased overtime despite widespread energy efficiency improvements. One explanation offered in the literature is the rebound effect (RE), however there is a debate about the magnitude and appropriate model for estimating RE. Using a combined stochastic frontier analysis and two-stage dynamic panel data approach for 55 countries covering 1980-2010, we explore these two issues of magnitude and model. Our central estimates indicate that, in the short-run, 100% energy efficiency improvement is followed by 90% rebound in energy consumption, but in the long-run it leads to a 36% decrease in energy consumption. Overall, our estimated cross-country RE magnitudes indicate the need to consider or account for RE when energy forecasts and policy measures are derived from potential energy efficiency savings.
INTRODUCTION
There appears to be a consensus within the energy policy community about the contributions of energy efficiency improvements towards reducing global energy consumption and greenhouse emissions. Protagonists of energy efficiency improvement often highlight its non-costly nature, arguing that the resulting decrease in energy use may not require higher energy prices or result in slower economic growth. However, a strand of literature starting with early works of Brookes (1979) and Khazzoom (1980) argues that the underlying assumption that energy efficiency improvements yield proportionate reduction in energy consumption is misleading. This view was recently elucidated by Saunders (2013) who argued that overtime; rebound effects (RE) could potentially result in the partial or total erosion of energy savings arising from improved energy efficiency 1 .
Since its inception, the RE literature has grown significantly, but controversies remain about its magnitude, mechanisms and the most appropriate approach to measuring it. Clearly, the debate has been more intense regarding macroeconomic RE since it approximates the net effect of different mechanisms that are complex and interdependent, and whose effects may vary over time and across efficiency sources. This possibly explains the scarcity of macroeconomic RE studies as most studies on economy-wide RE are country-specific 2 . Moreover, the few economy-wide studies use different empirical and theoretical approaches, with most of them covering different time periods. As expected, given the differences in methodological approaches and data sets, these studies are noncomparable. In particular, Dimitropoulos (2007) showed that the use of diverse models/methodologies and the lack of a widely accepted rigorous theoretical framework have contributed immensely to the controversies surrounding RE.
Understanding the nature and estimating economy-wide RE is vitally important for a number of reasons.
First, the key issues associated with RE, especially global climate change, require top-down analyses of different economies over long time frames, which microeconomic or bottom-up analysis may be inappropriate to handle. This is because effective climate change policies require multilateral co-operation and co-ordination among different countries, thus, there is need for a comparative and consistent measurement of RE across different countries.
1 Rebound effect is not entirely bad on its own since the resulting increase in energy use contributes towards welfare and expansion of the production possibility space, but given the urgency required in tackling dangerous climate change, it is important to explicitly account for RE (especially when it is large) in global energy forecasts. 2 A detailed recent meta-analytical survey can be found in Chakravarty et al. (2013). However, the available pool of studies 3 is inadequate in the context of the broad, extensive and systematic crosscountry analysis required to tackle climate change. Secondly, this analysis is crucial given the important role that energy efficiency plays in the derivation of future energy forecasts and in the formulation of wider energy policy measures. Possibly, due to the dearth of reliable and consistent estimates of RE, most of these forecasts and policy measures hardly account for RE, implying that such forecasts may have underestimated future energy consumption, if RE is significant or large. Thirdly, a broad and extensive cross-country analysis of RE, such as this one undertaken here, is crucial to the evolution of more useful debate on RE.
As far as is known, no multi-country study of macroeconomic RE across several countries has been undertaken to provide greater clarity on the RE debate using a sound technique and consistent dataset. This is an important gap in literature given that RE arising from aggregate consumption and production by households and firms are likely to be of great significance and implication (Kydes, 1999) .
In this paper, our objective is to provide estimates aggregate RE for a panel of 55 countries between 1980 and 2010 using a two-stage procedure. First, we estimate energy efficiency using Stochastic Frontier Analysis (SFA). Secondly, by employing a dynamic panel framework, and using the efficiency scores from the SFA model, we estimate short-run and long-run RE. To give an insight into our main empirical findings, we find significant RE magnitudes across sampled countries, especially non-OECD countries. However, an encouraging sign is the declining RE magnitudes for some countries over the sample period which possibly indicates the potential for energy efficiency in the future.
The remainder of the paper proceeds as follows. Section 2 presents the modelling approach. Specifically, we present a two-stage estimation approach including the parametric SFA approach for estimating energy efficiency, and a GMM model for estimating short-run and long-run RE. In section 3, the dataset is described in detail. Section 4 presents the empirical results from both models and the resulting rebound effects. We offer our concluding remarks and recommendations in Section 5.
3 The dearth of macro RE studies for developing countries is more severe. Herring and Roy (2007) argue that macroeconomic RE are likely to be significantly higher in developing countries because their economic growth and development increasingly burden the global environment as they lift millions of people from poverty.
MODELLING AND THEORETICAL APPROACH
Our aim is to estimate RE within a macroeconomic production function by accounting for the increase in energy use arising from energy efficiency gain. This efficiency saving is expected to impact energy consumption, resulting in energy conservation which is defined as:
( 1) where E is energy consumption and Ef represents energy efficiency.
is also referred to as efficiency elasticity of energy demand, which allows us to derive RE:
Intuitively, RE represents the size or percentage of the energy efficiency savings that is lost such that if energy consumption E falls by 40% due to a 40% increase in energy efficiency, then 1 and 0. In the same vein, if a 100% increase in energy efficiency yields only a 40% fall in energy consumption, then 0.6. Given these discussions above, it is easy to see that five rebound conditions are possible (Saunders, 2000; Wei, 2010) :
 1 or 0 : 'Backfire' occurs as energy consumption increases due to improvements in energy efficiency;
 1 or 0 : Full rebound as energy demand remains unchanged in the face of energy efficiency gains;
 1 or 1 0 : Partial rebound as energy consumption falls by a less-than-proportionate rate to efficiency improvements;  0 or 1 : Zero rebound implies a one-to-one or unit relationship between energy consumption and efficiency improvements;
 0 or 1 : Super conservation as energy consumption falls by a more-than-proportionate rate with respect to efficiency gains. Now we turn to the multi-stage approach to estimating RE. The key objective is the econometric estimation of the efficiency elasticity and we proceed as follows.
Stage One: Energy Efficiency Estimation
Our starting point is the estimation of energy efficiency ( ) using the stochastic frontier analysis (SFA) (Aigner et al., 1977 and Meeusen and van den Broeck, 1977) . The SFA allows for a composed error term which contains a one-sided error term to measure inefficiency in addition to the traditional two-sided error term which captures random noise. A number of studies have estimated efficiency in aggregate energy consumption. One of such is Filippini and Hunt (2011) who demonstrated the need for an econometric estimation of efficiency when estimating aggregate energy efficiency for 29 OECD countries using an energy demand SFA. The parametric estimation of energy efficiency using SFA is underscored by criticisms and inappropriateness of using energy intensity as a proxy for energy efficiency (see Filippini and Hunt, 2011; Saunders, 2013) . More recently, Filippini and Hunt (2012) also estimated energy efficiency in residential energy demand for a panel data of 48 U.S states using an input requirement function (IRF).
Although we employ the SFA, this study differs from the studies mentioned above by estimating a production technology using an input distance function (IDF) 4 , rather than an IRF. With an IRF, the objective is to radially contract energy use in an input vector for a given level of output, conditional on energy prices and other exogenous factors. By implication, other factor inputs are implicitly assumed to be fixed; hence studies relying on an IRF have arguably estimated short-run energy efficiency. However, an IDF seeks to radially contract energy and the other factor inputs in the input vector for a given level of output. This approach is consistent with long term energy efficiency estimation since in reality one would expect efficiency gains to alter relative/effective prices of factor inputs, resulting in factor substitution as firms adjust input combinations to take advantage of energy efficiency improvements.
Our proposed production technology can be represented by the input requirement set which represents the set of K inputs ∈ which can produce a set of R outputs ∈ i.e. ∈ : .
We can obtain an input distance function equation (see Kumbhakar and Lovell (2003) : ′, ′, which takes a value of 1 if a country is efficient (i.e. on the frontier) but is greater than 1 when a country is inefficient 1, so that:
where 0. This input distance function is non-increasing in inputs, and non-decreasing and homogeneous of degree one in inputs. By adopting a translog functional form in conjunction with the elements, 1 ,…, ;
1, … , , and applying the linear homogeneity property, equation 3 can be written in panel data context 5 :
where , / , represents the technology as the translog approximation to the log of the distance function;
while is the traditional symmetric error term representing sampling, specification and measurement errors, while represents the non-negative inefficiency component of the composed error term.
The energy efficiency of each country in each period is then estimated as the conditional expectation of the one-sided error term, exp , given the composed error, so that the energy inefficiency of each country in period is given by:
The estimated (in) efficiency evaluates the degree to which a country could decrease the level of energy use relative to the country on the frontier, holding output constant.
Exogenous Variables and Energy Efficiency
The typical production frontier function assumes homogeneity of producers and homoscedasticity of the errors. However, these assumptions can be relaxed by introducing exogenous variables which are different from factor inputs but affect or influence the technical (in) efficiency of firms/countries into the different parts of the SFA model. It is desirable to evaluate the impact of observable country-specific exogenous factors on inefficiency because, in reality; such factors reflect the operating environment and are likely to be partly responsible for energy efficiency performance across countries (Kumbhakar and Lovell, 2003) . Moreover, with this approach, it is possible to address the problem of conditional heteroscedasticity in the energy inefficiency term. Hence, we introduce different exogenous variables into the variance of the inefficiency term to capture the impact of structure of 5 We employ a panel data framework with time-varying inefficiency given the reasonably long timeframe of this study. It is unlikely that energy efficiency will be constant or time-invariant over a long period of time as in this study. economy, demography, geography, climate on energy inefficiency. In this case the variance of the pre-truncated inefficiency distribution is given as follows:
exp ′
where represents observable exogenous characteristics across countries while ′ are parameter estimates obtained in the single stage maximum likelihood ML estimation. In addition, we explore the 'doubleheteroscedasticity' model of Hadri (1999) which permits the exogenous variables to affect both the inefficiency component and the idiosyncratic error component of the disturbances, so that in addition to the assumption in (7) and (8), it is possible to have:
exp ′ (10)
Stage Two: Estimation of Rebound Effects
After estimating energy efficiency using SFA above, we then compute short-run and long-run RE for each country as:
where is the elasticity of energy consumption with respect to energy efficiency ; E is energy consumption and is energy efficiency. The task in this second stage is the econometric estimation of , the efficiency elasticity. We estimate short run and long run efficiency elasticity in order to compute SR and LR rebound effects a la equation (11). To achieve this, we utilize an Arellano-Bond (1991) ( 1 2 ) where is energy consumption, treated as the long-run equilibrium level of energy use by a country in time .
is the lagged energy consumption while is the corresponding real price of energy in time t, represents a country's real GDP at time ; denotes each country's estimated efficiency from the IDF above in time . The panel data error term consists of an unobserved country-specific component and an idiosyncratic disturbance term which is assumed to be identically and independently distributed ~ 0, .
It can be seen in (12) that we explore non-linearity in the model by interacting energy efficiency with energy prices and income. This is because the relationship between energy efficiency and energy consumption as well as the other regressors (price and income) is likely to be non-linear. This is an important aspect of modelling energy technical progress, which could be price-induced, endogenous or exogenous; hence, models should be correctly specified accordingly (see Adeyemi and Hunt, 2014) . Moreover, the non-linearity assumption allows us to evaluate efficiency elasticity and rebound effects at each given price and income level.
From the parameter estimates of equation 12 above, short-run and long-run efficiency elasticity can be derived as follows:
Long-run (14) Given these, short-run rebound is 1 and long-run rebound is R 1 η . Ceteris paribus, we expect both SR and LR efficiency elasticities to be negative since improved energy efficiency will most likely reduce the fuel required to deliver a given level of energy service. Therefore, the question of RE centers on the extent to which efficiency gain lowers energy use, so that the magnitude of RE depends on the size of (i.e. the larger , the smaller the RE magnitude).
Autoregressive models are common in studies estimating short-run and long-run elasticities because the response of energy consumption to changes in exogenous influences such as price and income are gradual in nature 6 .
Furthermore, the use of PAM stems partly from their simplicity considering that they do not require the imposition of any specification on the model structure. However, the dynamic modeling approach can be generally complicated by issues such as the correlation between lagged values of the dependent variable and the error term, especially the country-specific heterogeneity component 7 (Nickell 1981) . This is because is a function of the unobserved country-specific heterogeneity which is time invariant, it then follows that which is one of the regressors, is correlated with . Moreover, may also be correlated with the other regressors, resulting in endogeneity issues 8 .
Furthermore, the presence of the lagged dependent variable as one of the regressors may result in the problem of autocorrelation. Under these circumstances, parameter estimates are biased and inconsistent, particularly for OLS 9 .
Thus, the generalized method of moments (GMM) procedure is employed in this study. In the first place, by using the GMM estimator, it is possible to control for cross-country heterogeneity, by the fixed effects term, ,
including the case where the explanatory variables are correlated with the fixed effects. Secondly, the GMM estimator permits the regressors to be endogenous by exploiting the availability of pre-detemined variables as instruments. This is crucial since energy efficiency is potentially endogenous within the framework proposed here. Arellano and Bond (1991) derived two GMM estimators, namely one-step and two-step estimators, which allow for heteroscedasticity and autocorrelation in the idiosyncratic errors. In the one step estimator, weighting matrices independent of parameter estimates are used. For the two-step estimator, the moment conditions are weighted by their covariance matrix often regarded as optimal weighting matrices. Thus the two-step estimator yields asymptotic efficiency gains over the one-step estimator, especially in large samples, when there are non-iid errors. In this case, the estimator can handle numerous instruments and it uses the consistent variance co-variance matrix from first step GMM which is robust to panel-specific autocorrelation and heteroskedasticity (Arellano and Bond, 1991) . Given the large sample property of our sample and the potential efficiency gain, we employ the twostep estimator, with the finite sample correction due to Windmeijer (2005) . 7 This is often referred to as the Nickel bias. 8 We explored the endogeneity issue by applying the Wu-Hausman test statistic to our dataset. First we regressed energy efficiency on the instruments and other exogenous variables. We then included the residuals from this regression as an additional regressor in the original equation (E=f (P, Y, Eff) which is found to be not statistically significant judging from the t-stat. Hence, this indicates that the data failed to reject the null of no endogeneity (see appendix). The descriptive statistics of all the variables defined above are presented in Table 1 below.
10 As much as data availability permitted, we have sampled from the widest and most policy-relevant population, especially considering some arguments in literature that the rebound effect is most serious for developing economies, given their relatively higher growth rates and limited level of technological advancement. 11 In particular, energy price data.
12 A more appropriate explanatory variable for area and population is residential population density as a larger country may have lots of nonresidential areas and low energy consuming activities. However, we were unable to find any dataset on "residential area". Moreover, we believe that our approach is consistent with earlier works on the impact of country size (via area size and population) on macroeconomic performance (see Milner and Westaway, 1994; Weyman-Jones and Milner, 2003) . Further, other studies (e.g Hunt and Filippini, 2011) have shown that population and area size are explanatory variables for energy demand. In our case, the statistical significance of these variables indicates that they influenced energy use performance. 
EMPIRICAL RESULTS

Estimates of achieved energy efficiency from SFA Model
We estimate four models: time-decay, pooled conditional mean, pooled conditional variance model and the conditional variances/double heteroskedatic model. We performed a range of diagnostics to reach our preferred model 13 . In particular, in order to avoid arbitrary assumptions, we checked for heteroscedastic error structure across our panel data using the LR test procedure recommended by Wiggins and Poi (2001) . The LR test, which approximately follows a chi-square distribution by nesting the homoscedastic model in the heteroscedastic model under the null hypothesis of homoscedasticity, clearly indicated the presence of heteroscedasticity in the model.
This guided our attempt to address this heteroscedasticity problem using the double-heteroscedasticity model proposed by Hadri (1999) . Further, we tested this preferred model as an unrestricted model against other alternative model specifications using the LR and Wald tests, with both tests strongly rejecting the restrictions. We further checked the theoretical appropriateness of the models by observing the curvature properties of the model.
Based on our diagnostics, we conclude that our dataset favours the double condtional heteroscedasticity model (Hadri 1999) where exogenous variables influence both the inefficiency term and the two-sided error term.
Therefore, our subsequent analysis is based on this preferred model.
The output and inputs and environmental variables are in mean-corrected logarithms, Estimates of the firstorder coefficients and the inefficiency effects from the different models are presented in Table 2 . All the estimated first-order coefficients on inputs and outputs have the appropriate signs and they are all statistically significant, implying that the model is generally consistent with our underlying assumption of a production technology. This conclusion is supported by regularity tests for economic properties which indicate that the preferred model largely satisfies the curvature properties 14 . For the inefficiency effects, we find all the coefficients on the environmental variables to be statistically significant and they all have a positive effect on the estimated inefficiency.
13 Maximum-likelihood estimations of the model were obtained using STATA 12. We conducted some sensitivity experiment by dropping some of the heterogeneous variables in turn to evaluate the impact on the estimated efficiency. We only observed slight variations in the efficiency scores and therefore ranks. In particular, we consistently found the same set of countries to be most efficient across all the models. Similarly, we find this to be the case for the least efficient countries too, indicating that the slight variations are of no substantial consequence. Interested readers can obtain the full range of experimented models and diagnostics from the authors. 14 Monotonicity is confirmed at 100% of our data points for output; 97% for Capital; 96% for Labour and 83% for Materials. The concavity condition is satisfied at the sample mean, and at 88% of the data points. 
Dynamic panel data model for determinants of achieved efficiency
The results 15 of the estimated dynamic panel data two-step GMM model 16 are given in Table 4 . Overall, most of the parameter estimates having the expected signs and within credible magnitude range.The coefficient on the lagged dependent variable in the Arellano-Bond results is 0.923, significant at the 0.001 level. While this appears close to unity, Bond (2002) and Roodman (2009) have shown that this coefficient needs only to be less than unity, as the requirements for its consistent estimation are relatively weak.
The interaction terms indicate that, ceteris paribus, higher energy prices stimulated energy-augmenting technological progress so that a higher energy price results in a greater energy-reducing efficiency effect 17 .
Moreover, by accounting for the interaction between price and efficiency, it is possible to disentangle price effects from other exogenous efficiency effects thereby reducing the problem of overestimating the efficiency elasticity. 15 We use the xtabond2 in STATA12. Although T is fairly large (31 years), we restrict our set of lags to 2-3 lags given that more lags will result in a huge number of instruments and the attendant weakening of the instruments validity tests (see Roodman, 2009a) . 16 Given that energy efficiency gains could be exogenous or endogenous as shown by effects of energy prices, regulations and policies, tastes etc.
on energy efficiency, we explore a model with interaction between energy efficiency and the other regressors. Results show that these assumptions are accepted by the data. Hansen Test (p-value) 0.606
Windmeijer corrected standard errors in parentheses. *, ** and *** represents significant level at 10%, 5% and 1% respectively
For the system-GMM to be reliable, it is required that we fail to reject both null hypotheses on the Hansen test of over-identification and the AR test for serial correlation which is applied to the residuals in differences. From Table 4 , notice that the p-values on the AR tests indicate first-order serial correlation, but no serial correlation at the second-order. This is consistent with a priori expectation since first-order serial correlation is expected in differences because ∆ is related to ∆ through the shared term. Hence, to check for first-order serial correlation in levels, the second-order correlation in differences is checked as this will detect correlation between the in ∆ and the in ∆ . The Hansen test statistic indicates that we are unable to reject the null hypothesis of overall exogeneity of the instruments used in the GMM estimation, implying that the instruments are valid.
Rebound Effects Estimates
The estimated energy efficiency elasticities from the results in Table 5 are -0.10 in the SR and -1.36 in the LR.
These yield SR and LR rebound effects of 90% and -36% respectively, at the sample mean. The LR rebound estimate suggests that energy efficiency gain is likely to generate a more than proportionate reduction in energy use (a 1% energy efficiency gain will result in a 1.36% reduction in energy consumption), a situation referred to as super conservation in the RE literature.
The smaller LR rebound estimate is consistent with the expectation that in the LR, learning/innovation/knowledge formation are likely to better help energy end-users to "lock-in" more energy efficiency savings. This LR result also possibly reflects the impact of the continuous global awareness and policy efforts of the climate change agenda. Turner (2009) found similar results whereby the energy increase pressures arising from rebound are partially or wholly offset by negative income, competitiveness and disinvestment effects, which also occur in response to falling energy prices. These effects were found to reduce domestic energy supply, leading to a contraction in the capital stock in these sectors, which in turn led to smaller long-run economy-wide rebound effects 18 .
To compute point estimates of RE outside the sample mean (i.e. for each country and overtime), we calculate the point efficiency elasticity for each year across the entire sample. In particular, our point estimates 18 Birol and Keppler (2000) and Turner (2013) elucidated that the lack of attention to these energy supply issues in rebound analysis has led to the neglect of supply-side responses to demand-side rebound pressures. It is in this context that our macroeconomic rebound analysis embodies/captures these wider supply-side issues which yield smaller long-term rebound.
indicate that our modeling approach demonstrates the entire rebound possibilities, ranging from super-conservation to backfire. The computed RE magnitudes are quite substantial, ranging from an average of 18% for Dominican Republic to 117% for Russia over the entire sample period 19 . Our results also show some variation in rebound estimates overtime and across the sample countries (see appendix). Interestingly, overall, we find slightly different RE magnitudes and patterns between OECD and non-OECD countries. For instance, it is observed that RE magnitudes for non-OECD countries (with an average of 56%) are generally bigger those for OECD countries (with average 49%) 20 while for the 7 OPEC countries in our sample we estimate an average RE of 60%.
Also, we find for most OECD countries, generally increasing rebound magnitudes in the 1980s which stabilized in the 90s before declining in the 2000s. We also observed a spike in rebound levels around 2008/09 for most of the OECD countries, with the obvious suggestion being the recession which might have curbed RE around that period 21 . Interestingly, for the U.S, our estimates are consistent with results in Saunders (2013) In general, we find evidence of backfire in mostly non-OECD countries (Iran, Russia, Tanzania, India, Indonesia, Philippines, South Africa and Venezuela) with the U.S and Israel being the only OECD countries where we found backfire at some data points/for some given years. Overall, a very encouraging sign from our analysis is the generally declining RE trend 22 across many countries in this study, to the extent that super conservation was observed for Sri Lanka and Syria towards the end of our sample period 2009-10. 19 We restricted the dataset and estimations to OECD countries in order to examine the sensitivity of the rebound estimates to the sample. We found that, on average, the restricted rebound estimates was 8% lower than the whole sample estimates which indicates that the estimates are not too far apart. See Appendix 3 for a comparison of the estimates. 20 We observe even lower rebound levels for EU-OECD countries.
CONCLUSION AND RECOMMENDATION
RE is one of the most debated issues in energy economics literature. A great deal of this debate derives from the lack of clarity on its nature and a consistent range for its estimate. This paper has attempted to estimate economy-wide RE for 55 countries, and to the best of our knowledge, it is the first attempt to evaluate RE for several countries over a reasonably long timeframe. First we derive energy efficiency by adopting a specification that allows for estimation of energy efficiency across different heterogeneous economies within the panel SFA framework. Secondly, we estimate aggregate SR and LR efficiency elasticity of energy using a GMM energy consumption model. We then compute rebound effects from these efficiency elasticities.
We estimate SR and LR rebound effect across sampled countries at 90% and -36% respectively. While the SR estimate shows significant RE, the LR indicates the potential for energy efficiency to significantly lower energy consumption in the future 23 . In particular, the country-wise estimates show larger RE magnitudes (and in some cases back-fire) for developing countries. This is consistent with the reasoning that developing countries are on a growth trajectory that requires greater energy consumption, to the extent that energy efficiency savings are easily "re-spent"
to fuel further growth. Policy-wise, this finding should alert policy that RE in developing countries will potentially represent one of the most challenging energy and climate policy issues in the future. More importantly, despite the declining RE over the period under consideration, our results indicate that RE magnitudes are still large enough to be considered when constructing future energy scenarios.
One limitation which we seriously attempted to address is that some important z-variables, especially those on energy efficiency policies and regulations could have been included. However, the challenge was the limited data and changing energy policy stance overtime 24 . In addition, we also add that our results cannot of course establish complete causality, but we have demonstrated, with a high degree of confidence, the dimensions of the rebound effect using well-established modelling procedures.
Finally, this study does not in any way attempt to downplay the role of energy efficiency measures and policies, but rather argues that energy policies in general are likely to be more effective with the incorporation of 23 Based on the LR estimate it is clear that energy efficiency improvement will remain an important policy measure, but the large rebound magnitudes suggest a need for an array of policy instruments to "lock-in" such efficiency gains and prevent their erosion by rebound effects. 24 For instance the most comprehensive subsidy information can be found on the OECD-IEA Fossil Fuel Subsidies database, which covers only 39 countries and spans a period of 5 years (2007) (2008) (2009) (2010) (2011) . Further, there is also the challenge that even when some descriptive energy policy information was available for OECD countries, we found changing policy stance over a period of time, where for instance, some policy measures were only implemented for a few years and discontinued thereafter, such that even dummy variables would overstate the impact of such discontinued policies overtime. However, it is the case that the country fixed effects included in our DPD instrumental variables estimation will pick up additional country specific effects including inter-country differences in energy policies. Country  1980  1981  1982  1983  1984  1985  1986  1987  1988  1989  1990  1991  1992  1993  1994  1995  1996  1997  1998  1999  2000  2001  2002  2003  2004 2005 2006 2007 2008 2009 2010   Argentina  30%  29%  29%  29%  29%  28%  29%  46%  54%  45%  38%  45%  61%  69%  71%  78%  71%  71%  83%  73%  56%  60%  62%  59%  52% 44% 38% 39% 25% 39% 11%  10%  11%  12%  13%  14%  20%  21%  22%  23%  24%  25%  24%  26%  27%  28%  28%  27%  29%  31%  28%  29%  30%  29%  27% 24% 21%   Nigeria  57%  61%  57%  60%  73%  76%  53%  55%  70%  72%  76%  76%  88%  91%  50%  43%  52%  56%  59%  41%  40%  48%  49%  55%  44% 36% 39% 42% 44% 40% 35%   Norway  39%  37%  37%  36%  37%  38%  42%  43%  42%  43%  41%  39%  40%  40%  40%  40%  39%  40%  42%  43%  42%  41%  42%  36%  39% 39% 36% 41% 38% 40% 36%   Pakistan  81%  82%  82%  82%  81%  80%  80%  80%  79%  75%  73%  68%  67%  64%  61%  57%  55%  50%  45%  48%  44%  44%  45%  44%  44% 43% 
APPENDIX 1: ANNUAL POINT ESTIMATES OF REBOUND EFFECTS
